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ABSTRACT
We explore the utility of functional Near Infra Red (fNIR) technology in providing both empirical support and a basis for
assessing and predicting dynamic changes in cognitive workload within the theoretical context of computational cognitive
modeling (CCM). CCM has had many successes and in recent years has expanded from a tool for basic research to one
that can tackle more complex real-world tasks. As a tool for basic research it seeks to provide a model of cognitive
functionality; as a tool for cognitive engineering it seeks applications in monitoring and predicting real-time performance.
With this powerful theoretical tool we combine the empirical power of fNIR technology. The fNIR technology is used to
non-invasively monitor regional hemodynamic activities, namely blood volume changes and oxygenation dynamics.

We examined a simple auditory classification task in four different workload conditions. We monitored the blood
activity in the prefrontal cortex region of the frontal lobe during the performance of the task to assess the patterns of
activity as workload changes. We associated patterns of model activity with patterns of the hemodynamic data. We used
ACT-R for creating the computational cognitive model. For the fNIR analysis, we used a generalized linear regression
model along with time series clustering. We found that in the highest workload condition the model predicts a cognitive
‘overload’, which correlated well with the fNIR cluster and classification analysis, as this condition differs significantly
from the other three conditions. Linear regression on a subset of the data where workload increases monotonically shows
that apart from the overload condition, there was a positive relationship between increase in workload and increase in blood
volume activation. In addition, individual variations in hemodynamic response suggest that individuals differ in how they
process different workload levels.
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1. INTRODUCTION
Workload is a comprehensive concept with many aspects. A simple definition of workload would be the demand placed
upon humans.1 A still simple but theoretically more interesting definition is that workload refers to that portion of the
operator’s limited capacity that is required to perform a particular task.2

Measuring workload or predicting peaks of workload are important to a number of real-time, safety-critical domains
such as aviation or traffic. Many measurements for quantifying workload have been proposed. These measures can be clas-
sified into three categories: subjective measurement, such as self-report, e.g. the NASA-TLX, performance measurement,
where the operator’s performance in the tasks is evaluated, e.g. Multiple Resource Theory,3 and physiological measure-
ment like Galvanic Skin Response. However, these approaches suffer from limitations in predictive power and general
applicability.4

For this paper, we define workload based on external demands; namely the rate at which a given set of operations must
be performed. Our assumption is that increasing the rate of external demands correlates with workload to the extent that user
performance keeps pace. Our goal is to develop a real-time system to measure and detect differences in external demands.
The work presented here has three aspects. First, we study the relationship between task demand and two performance
measures; namely, outcome and response time. Second, we introduce and discuss the physiological response detected by a
functional Near InfraRed (fNIR) brain imaging device that measures the hemodynamic response in the prefrontal cortex.
Third, in order to determine how task demands stress functional cognition, we build a computational cognitive model,
whose performance matches that of human participants in the face of varying task demands.

The fNIR technology used in this study measures blood volume and oxygenation changes in the participants to infer
information about neural activation as participants are subjected to series of stimuli. The idea behind fNIR is that the
response to stimulus results in increased regional cerebral blood flow (rCBF) in activated areas due to increased energy
demand. The hypothesis is that by measuring the changes in oxy- and deoxy-hemoglobin (Hb and HbO2 respectively),
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one can infer relative changes in activation as the external demand is varied. The fNIR takes advantage of the fact that
light in the near infrared spectrum (wavelengths 750 to 1000 nm) is weakly absorbed by biological tissue. The primary
absorbers at these wavelengths are water, oxy-hemoglobin and deoxy-hemoglobin. Furthermore, the absorption spectra of
oxy- and deoxy-hemoglobin differ significantly at these wavelengths.5, 6 This last characteristic gives fNIR technique an
advantage over fMRI which cannot image oxy-hemoglobin information concurrently with deoxy-hemoglobin information.
Also, the fNIR technology is non-ionizing, non-invasive, non-constraining and affordable. A portable wireless fNIR system
has already been developed and is discussed by Hoshi.7

Additionally, we consider detecting inividual differences an important part of our research. In particular the physiolog-
ical measures under different workload conditions differ strongly with the individual. This is analogous to the differences
in corresponding affective states, such as stress.8 This is necessary to understand and predict a user’s behavior, e.g. for an
estimation of how likely it is that the user will make an error. We build an computational cognitive model in the ACT-R
framework9 and compare the model’s predictions with the participants’ physiological response for validation.

2. TASK DESIGN
We use a simple classification task to set the participants’ workload. The simplicity of the task makes it possible to con-
centrate on the effects of workload, i.e. we can be certain that the changes in our measurements are due to the differences
in task demand. This sets us apart from approaches involving complex tasks.10

In our task the participants hear a sequence of letters and have to compare the current letter with the previous one. They
have to determine whether the current letter comes before or after the previous one in the alphabet. Thus, for the sequence
M–G the correct response is before, for the sequence C–K after. We use inter-stimulus intervals (ISIs) of 1 s, 2 s, 4 s, and
6 s to define the workload. Tasks are presented in four 10-minute blocks, where each block consists of eight intervals of
72 s. Between the intervals we enforce a pause of 10 s, between blocks a pause of 2 min minimum. After the 2 min pause
the participant has to press a button to begin a new block.

The workload is the number of problems the participant has to respond to in one interval (72, 36, 18, 12, respectively).
The participants’ physiological responses to stimuli are recorded in real-time using the fNIR equipment.

3. FUNCTIONAL BRAIN IMAGING USING NIRS
Near infrared spectroscopy (NIRS) was introduced in 1977 by F. F. Jobsis in a seminal paper11 as a noninvasive way to
monitor oxygen sufficiency. Since then NIRS and diffuse optical tomography using near infrared light has been explored
for use in breast cancer diagnosis and various clinical application.12,13 More recently, there’s been a surge of research
examining potential for use of NIRS technique in functional brain imaging.14–16 Since the nineties, it has been recognized
that NIRS is well suited for brain imaging due to the fact that light penetrates the skull well at near infrared range. The
sensitivity of NIR light to local oxygenation changes makes it possible for direct measurement of hemodynamics.17 This
is the main advantage of applying NIRS to functional brain imaging over magnetic resonance imaging (MRI) techniques
which calculate blood volume changes indirectly, the so-called BOLD (Blood Oxygenation Level Dependent) response.
The nature of NIRS technology makes it completely noninvasive. Also, the use of optical light in probing allows the
equipment to be less restrictive, safer, and more portable than that of fMRI or PET. A very good review of NIR technology
is provided by Boas et al. in.5

As the source most fNIR equipments use either continuous wave (CW) light or pulsed light at picosecond resolution.
The latter method is called time-resolved spectroscopy (TRS). The equipment used in this study is a CW type instrument.
The CW-type method can detect dynamic changes in rCBF by measuring concentration changes in hemoglobin, both
Hb and HbO2, relative to a reference. With CW-type equipment, it is not possible to determine the absolute value of
hemoglobin concentration changes due to its inability to obtain optical path length information. TRS equipments were
develop to address these issues.7

The CW-type equipments rely on the Beer-Lambert law to calculate the relative hemoglobin concentration changes.
The Beer-Lambert law can be succinctly expressed as a linear relationship between absorbance and concentration.

A = − log I/I0 = ελCL (1)
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where A is the absorbance, I the intensity of received light, I0 the intensity of transmitted light, ελ the extinction coefficient
at wavelength λ, C the concentration, and L the path length. For a highly scattering medium, a modified Beer-Lambert law
is used.18, 19 Change in absorbance at a specific wavelength λ can be expressed as

∆Aλ = −ε∆CL (2)

In terms of the concentration of two chromophores of interest, namely Hb and HbO2, equation (2) becomes

∆Aλ = (ελ
HbO2

∆[HbO2] + ελ
Hb∆[Hb])Lλ (3)

Assuming we let L = 1cm, we have two unknowns, the concentration changes in the two chromophores. By taking
measurements at a second wavelength and using the known ε at these wavelengths for each chromophores, we can solve
for these concentration changes.
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4. OVERVIEW OF FNIR SYSTEM
The fNIR equipment used in this study consists of the following components:

1. the probe

2. a data processing unit for pre-filtering,

3. a power supply,

4. a laptop computer (with a DAQ card) to send control signals to the probe,

5. a computer to host the cognitive task.

Figure 1 shows a labeled picture of the overal fNIR system used in this study. The participant wears a flexible headband
that contains an array of four photodiodes and ten sensors (see figure 2). Each diode is coupled with its four neighboring
sensors, yielding a total of 16 available channels. The raw data is acquired from the probe which is pre-filtered and pro-
cessed in the data processing unit. The data is then sent to the DAQ card to be digitized and read by the computer. The
computer either saves the data for off-line analysis or analyzes the received data in real-time. Signals are also sent from the
computer through the DAQ to the probe in order to control the photodiodes and sensors.

5. PERFORMANCE MEASURES
We use two performance measures:

1. Outcome: percent of correct responses over the problems presented

2. Reaction time: the time between the onset of the auditory stimulus and the time of the first response – regardless of
whether it was correct.
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Figure 1. Data flow through the fNIR system.

Figure 2. Headband probe used to collect participant’s hemodynamic response as the participant engages in a cognitive activity.

Figure 3 shows both measures for 11 participants including the standard error. Since the error is reasonably small, we
can assume that the same workload leads to comparable performance across participants. The most apparent effect is
that the outcome in the ISI-2 to ISI-6 conditions is almost identical: mean(ISI-2) = 0.947, mean(ISI-4) = 0.951,
mean(ISI-6) = 0.950. Only the outcome in the ISI-1 condition is considerably lower: mean(ISI-1) = 0.793. Based on
outcome, therefore, only one distinction is possible, namely the ISI-1 condition from the other three.

In contrast to outcome, reaction time shows a steady increase over all four conditions. The mean values are 633 ms,
959 ms, 1284 ms, and 1385 ms, respectively. Inter-individual variability for the reaction time increases with longer ISIs, cf.
figure 4. The standard deviation is 51 ms, 90 ms, 154 ms, and 269 ms, respectively. Intra-individual variability consistently
increases with longer ISIs. (Only one of the 11 participants shows a decrease in variability from ISI-1 to ISI-2.) This
analysis is supported by the fact that we find the same overall pattern in a related study, cf. reference 20.

The data show that despite decreasing workload the outcome is constant in the ISI-2, ISI-4, and ISI-6 conditions. Thus,
the participants need decreasing effort to achieve the same outcome. It also means that outcome shows a ceiling effect
at approximately 0.95. For this task, outcome alone is, therefore, not sufficient to measure a user’s workload, because the
reaction time data suggests that not only the task demand but also the workload (defined as the number of mental operations
per time unit) differs in these three conditions. Reaction time also is a better measure of workload than outcome, but the
large overlap of the standard errors shows that no reliable classification into the four workload conditions is possible.

6. ACT-R MODEL
We built a computational model to simulate the auditory classification task in ACT-R 5.0.9 The model’s performance is
shown in figure 5. The model interacted with the same software as the participants and ran for five blocks (i.e. ten intervals
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